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Abstract—Breast cancer is one of the most prevalent types of 

cancer in Indonesia, making accurate early detection highly 

crucial to reduce mortality rates. However, classification ef-

fectiveness is often hindered by high-dimensional data and class 

imbalance issues, which can introduce bias into predictive models. 

This study proposes the integration of the Decision Tree algorithm 

with hybrid sampling techniques and Particle Swarm Optimization 

(PSO). PSO is employed to perform a dual role, namely 

simultaneous feature selection and hyperparameter tuning. 

Experimental results show that using 30 particles in PSO 

successfully reduced the data dimensionality significantly from 30 

features to only 6 essential features: texture1, symmetry1, radius2, 

area3, smoothness3, and symmetry3. The combination of 

SMOTE-Tomek and PSO-based feature selection emerged as the 

best-performing scenario, achieving an accuracy of 99.68% while 

producing only one False Negative prediction. In addition to 

superior precision, the model demonstrated remarkable com-

putational efficiency with an average latency of 0.0036 ms and a 

throughput of 274,897 samples per second. Explainable AI (XAI) 

analysis using SHAP confirmed that area3 was the most dominant 

feature, which is clinically consistent with indicators of cancer cell 

proliferation. This study proves that the synergy between data 

balancing techniques and metaheuristic optimization can produce 

an accurate, transparent, and efficient diagnostic model suitable 

for real-time medical implementation. 
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I. INTRODUCTION 

Cancer is a group of diseases characterized by the uncon-
trolled growth of abnormal cells that have the potential to 
spread to other parts of the body [1]. Among its various types, 
breast cancer is one of the most dangerous non-skin cancers in 
women and ranks as the second leading cause of cancer-
related deaths worldwide after lung cancer [2]. This disease 
generally develops in the ductal epithelium or lobules of the 
breast and is caused by various pathological factors, ranging 
from abnormalities in cells and ducts to the supporting tissues 
of the breast, excluding the breast skin [3], [4]. 

 

In Indonesia, data from the Global Burden of Cancer 
(IARC) indicate that breast cancer has the highest incidence 
of new cancer cases [5]. Despite its high level of severity, the 
progression of breast cancer is often asymptomatic or does not 
show symptoms in its early stages, so most new cases can only 
be detected through routine examinations [6]. Therefore, early 
detection and accurate classification are highly crucial to 
reduce patient mortality rates. 

The utilization of Machine Learning techniques has made 
significant contributions in assisting medical professionals to 
diagnose breast cancer objectively. Several previous studies 
have examined the effectiveness of various algorithms in 
determining cancer types, whether malignant or benign tu-
mors. For example, the use of the Support Vector Machine 
(SVM) algorithm demonstrated a high accuracy rate of 94% 
[7]. In addition, the K-Nearest Neighbor (KNN) algorithm has 
also been implemented for breast cancer classification with an 
accuracy of 93% [3]. Another study comparing the 
performance of Random Forest and KNN in diagnosing this 
disease achieved an accuracy of 91.18% [8]. 

Along with technological advancements, research has 
shifted toward the use of hybrid methods to improve 
classifica-tion efficiency through optimization techniques. 
One promis-ing approach is the integration of Particle Swarm 
Optimization (PSO) with Decision Tree. The use of PSO in 
this context has proven effective in handling high-dimensional 
medical data through a feature selection mechanism, 
achieving an accuracy of up to 92.26% [9]. This optimization 
process is crucial for eliminating irrelevant attributes so that 
the model becomes more efficient and accurate. 

However, the effectiveness of optimized classification 
mod-els is often hindered by the characteristics of imbalanced 
medi-cal datasets. This imbalance becomes a fundamental 
challenge because machine learning algorithms tend to 
overclassify the majority class, resulting in high accuracy for 
the majority class but very low performance for the minority 
class [10]. This issue is highly critical in medical diagnosis. 
For example, in lung cancer classification, the use of a model 
without handling data distribution only achieved a sensitivity 
of 90.2%, but it increased drastically to 99.7% after being 
integrated with the hybrid sampling technique SMOTE-ENN 
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[11]. This proves that without addressing class imbalance, the 
model carries a high risk of failing to identify patients who 
truly require medical treatment. 

To overcome these limitations, approaches using SMOTE-
Variants have become a more effective solution compared to 
standard oversampling methods. Variations such as SMOTE-
Tomek and SMOTE-ENN have been proven capable of 
provid-ing better average Area Under Curve (AUC) and recall 
scores in handling data imbalance [12]. These techniques 
work not only by generating new synthetic samples but also 
by cleaning noise at the class boundaries (decision boundary), 
thereby improving the model’s ability to distinguish between 
majority and minority classes. Therefore, this study proposes 
a com-parison of various SMOTE variations combined with 
feature selection optimization and hyperparameter tuning 
based on Particle Swarm Optimization in the Decision Tree 
algorithm. Through this approach, it is expected to produce a 
breast cancer prediction model that is not only globally 
accurate but also has high sensitivity in detecting the minority 
class. 

II. METHODOLOGY 

A. Research Workflows 

Figure 1. Research Workflows 

The research methodology follows a structured workflow 
illustrated in Fig 1. The process begins with collecting the 
breast cancer dataset, followed by Exploratory Data Analysis 
(EDA) to understand the characteristics of the data. The data 
preprocessing stage is then carried out systematically, 
including data splitting, data encoding, and feature scaling to 
normalize attribute values. After the data is prepared, the 
resampling stage is applied using four techniques, namely 
RandomOverSampler, SMOTE, SMOTE-ENN, and SMOTE-
Tomek, to address the class imbalance problem. 

The balanced data is then processed in the modeling stage 
using the Decision Tree algorithm. To achieve optimal re-
sults, an optimization pathway is implemented using Particle 
Swarm Optimization (PSO), which performs a dual role as a 
feature selection and hyperparameter tuning instrument. The 
final stage of the study is a comprehensive evaluation that not 
only measures predictive performance through accuracy, 
precision, recall, and F1-score, but also assesses the compu-
tational efficiency of the model. This efficiency measurement 
is conducted by analyzing the average latency (Avg Latency) 
and throughput to compare the effectiveness of each SMOTE 
variation on the optimized Decision Tree model. 

B. Data Collection 

Data collection is a crucial stage that determines the 
validity of performance comparisons in this study. The 
researchers used the Breast Cancer Dataset from the UCI 
Machine Learning Repository, which consists of clinical data 
from the University of Wisconsin Hospitals, Madison, 
contributed by Dr. William H. Wolberg [13]. The selection of 
this dataset was intentionally made to maintain consistency 
with previous stud-ies [9], so that performance comparisons 
between the proposed model and earlier methods could be 
conducted accurately and objectively. A deep understanding 
of the characteristics of the attributes in this dataset provides 
a strong foundation for identifying performance gaps, 
particularly in the aspect of handling data imbalance, which 
had not been optimally addressed in previous studies. 

C. Exploratory Data Analysis 

The Exploratory Data Analysis (EDA) stage was 
conducted to understand the characteristics of the dataset 
through feature correlation visualization and class label 
distribution analysis. This step aims to identify data 
redundancy and the level of class imbalance as a foundation 
for the resampling and optimization processes in the 
subsequent stages. 

D. Preprocessing 

The preprocessing stage was carried out to transform raw 
data into a format ready to be used by the classification model 
in order to avoid technical issues that could affect prediction 
results. The first step involved Data Splitting using the 
Stratified K-Fold Cross Validation method with a value of k = 
10 to ensure that each fold maintained a balanced proportion 
of class labels [14], [15]. Finally, Feature Scaling was 
performed using StandardScaler to normalize all attributes so 
that they had a uniform distribution scale [16]. The entire 
sequence of processes aimed to ensure that the dataset had 
consistent and stable quality, allowing the model to learn 
patterns from each feature optimally without bias caused by 
differences in value scales. 

E. Resampling 

The data balancing stage was carried out to address the 
class imbalance problem through four different approaches to 
ensure that the model was not biased toward the majority 
class. Random Oversampling was used as a baseline by 
randomly duplicating minority class samples to balance the 
number of data points without altering their original variation 
[17], [18]. The second approach was SMOTE, which works 
by synthesizing new samples along the line segments between 
minority class samples to improve model generalization [19]. 
Furthermore, the hybrid sampling method SMOTE-ENN was 
implemented to perform oversampling while simultaneously 
removing noisy or borderline samples using Edited Nearest 
Neighbor (ENN), thereby producing a cleaner and more 
robust data representation [11]. Lastly, the SMOTE-Tomek 
technique was applied by combining synthetic sample 
generation with the removal of closely paired data points 
through Tomek Links to sharpen the boundaries between 
overlapping classes [20]. 

Through the comparison of these four techniques, this 
study aims to identify the most effective resampling method 
for improving diagnostic sensitivity in the breast cancer 
dataset. 
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F. Modelling 

The modeling stage in this study employed the Decision 
Tree algorithm, which is a model that transforms data into a 
hierarchical decision tree structure and logical decision rules. 
The main advantage of this model lies in its ability to handle 
complex decision-making by simplifying problems through a 
branching structure. In constructing a decision tree, there are 
two fundamental calculations used, namely Gain and Entropy 
[21]. 

Information Gain is used to determine which attribute is 
the most effective in classifying the data. The calculation of 
Gain is formulated in Equation (1): 

𝐺𝑎𝑖𝑛(𝑆, 𝐴)  =  𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆)  −𝑖=1 
∑𝑛

|𝑆𝑖|

|𝑆|
 ×  𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑆𝑖) 

Where S represents the set of cases, A is the attribute, n is 
the number of partitions of attribute A, |Si| is the number of 
cases in the i-th partition, and |S| is the total number of cases 
in S. Meanwhile, Entropy is used to measure the level of 
disorder or homogeneity within a dataset, which is formulated 
in Equation (2): 

Entropy(S) = 
Σn 

−pi × log2(pi) 

i=1 

Where pi represents the proportion of Si to S. Through 
these two calculations, the algorithm can determine the best 
splitting attribute at each level of the tree in order to minimize 
uncertainty in breast cancer tumor classification. 

G. Optimization 

The optimization stage was carried out to improve model 
performance through the search for the most optimal feature 
set and parameter configuration using the Particle Swarm 
Optimization (PSO) algorithm. PSO was applied to perform 
two integrated functions, namely feature selection and hyper-
parameter tuning for the Decision Tree algorithm [22]. 

In the feature selection process, PSO is used to remove 
redundant features through evaluation of different attribute 
combinations. In addition, PSO optimizes four Decision Tree 
hyperparameters, namely max depth, min samples split, min 
samples leaf, and criterion (Gini or Entropy). 

Each particle in the PSO population moves iteratively to 
update its position based on the personal best (pbest) and 
global best (gbest). The particle velocity and position update 
processes are formulated in Equations (3) and (4): 

vt+1 = wvt + c1r1(pbesti − xt) + c2r2(gbest − xt) 
  ,           ,                           ,                            , 
 

xt+1 = xt + vt+1 

         
                  i             i       i 

Where w is the inertia coefficient, c1 and c2 are the 
cognitive and social factors, while r1 and r2 are random values 
[23]. This optimization aims to produce a breast cancer 
classification model with high generalization capability and 
optimal feature efficiency. 

H. Evaluation 

The evaluation stage was conducted to measure the predic-
tive effectiveness and computational efficiency of the 

proposed model. Classification performance was calculated 
based on the values of True Positive (TP), True Negative 
(TN), False Positive (FP), and False Negative (FN) [24]. The 
metrics of accuracy, precision, recall, and F1-score are 
respectively formulated in Equations (5)–(8). 

Accuracy =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃  + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

Accuracy =  𝑇𝑃

𝑇𝑃 + 𝐹𝑃    

           

Recall =  𝑇𝑃
𝑇𝑃 + 𝐹𝑁

 

                      

F1 – score = 2 × 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛× 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 

 

 

In addition to classification performance, this study evalu-
ated efficiency aspects to ensure that the model can operate 
optimally on devices with limited resources. The efficiency 
parameters, including average latency (Avg Latency) and 
throughput, are formulated in Equations (9)–(10). 

Latency(ms) = 
𝑇𝑒𝑛𝑑− 𝑇𝑠𝑡𝑎𝑟𝑡

𝑁
 × 1000 

Troughput = 
1000

𝐴𝑣𝑔 𝐿𝑎𝑡𝑒𝑛𝑐𝑦
 

Where Tend −Tstart is the total execution time in one fold, N 
is the number of test samples, and 1000 is the conversion 
factor to milliseconds [25]. This comprehensive evaluation 
aims to identify the model configuration that provides the best 
balance between diagnostic accuracy and data processing 
speed. 

III. EXPERIMENTAL SETUP 

This study was implemented using the Python 3.12 pro-
gramming language within a development environment sup-
ported by popular libraries such as Scikit-learn for machine 
learning algorithms, PySwarm for optimization, and Pandas 
and NumPy for data manipulation. All experiments were con-
ducted on hardware specifications consisting of an Intel Core 
i5-8350U CPU, 8GB RAM, and the Windows 11 operating 
system. 

IV. RESULT AND DISCUSSION 

A. Dataset 

This study used the breast cancer dataset from the UCI 
Machine Learning Repository, which consists of 30 numerical 
input features extracted from digital images of fine needle 
aspirate (FNA) samples and one diagnosis label as the target 
variable [26]. Technically, this dataset includes ten funda-
mental features: radius, texture, perimeter, area, smoothness, 
compactness, concavity, concave points, symmetry, and 
fractal dimension, each measured in three different statistical 
dimen-sions. The number 1 in the feature name represents the 
mean value, the number 2 indicates the standard error value, 
and the number 3 represents the largest or worst value detected 
in the sample [27]. Complete details regarding the feature 
names and data types are presented in Table I. 

Table 1. Features In The Breast Cancer Dataset 

No Features Type 
1 radius1 Float 
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2 texture1 Float 

3 perimeter1 Float 

4 area1 Float 

5 smoothness1 Float 
6 compactness1 Float 

7 concavity1 Float 

8 concave points1 Float 

9 symmetry1 Float 

10 fractal dimension1 Float 
11 radius2 Float 

12 texture2 Float 

13 perimeter2 Float 

14 area2 Float 

15 smoothness2 Float 
16 compactness2 Float 

   

 

 

  

17 concavity2 Float 
18 concave points2 Float 

19 symmetry2 Float 

20 fractal dimension2 Float 

21 radius3 Float 

22 texture3 Float 
23 perimeter3 Float 

24 area3 Float 

25 smoothness3 Float 

26 compactness3 Float 

27 concavity3 Float 
28 concave points3 Float 

29 symmetry3 Float 

30 fractal dimension3 Float 
31 Diagnosis Binary 

B. Exploratory Data Analysis 

Exploratory data analysis was conducted to understand the 
feature distribution and relationships among variables before 
entering the modeling stage. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Pairplot of Mean Features Colored by Diagnosis 

Based on the scatter matrix visualization in Fig 2, a strong 
linear correlation was observed among physical dimension 
features such as radius1, perimeter1, and area1. This indicates 
data redundancy, where these features provide similar 
geomet-ric information related to the target variable. In 
addition, the density plots along the diagonal in Fig 2 show 

that feature values for Malignant samples tend to be higher 
and exhibit a wider distribution compared to Benign samples. 

 Figure 3. Class Distribution 

Next, an examination of the class label distribution was 
conducted to identify potential data imbalance. Observations in 
Fig 3 show that the number of samples in the Benign category 
dominates compared to the Malignant category. This class dis-
tribution imbalance serves as the main rationale for applying 
resampling techniques in the preprocessing stage to prevent 
model bias toward the majority class and to ensure objective 
classification performance for both diagnostic categories. 

C. Preprocessing and Resampling Analysis 

This stage evaluates the transformation of raw data into an 
optimal format for the classification model. The primary focus 
is the effectiveness of Feature Scaling using StandardScaler, 
where the comparison of feature distributions before and after 
scaling is presented in Fig 4. 

 

Figure 4. Feature Distributions Before and After Feature 
Scaling 

Based on Fig 4, the features before scaling exhibit highly 
contrasting value ranges, such as the area feature with mag-
nitudes in the thousands compared to the smoothness feature, 
which is below 1. This transformation successfully normalizes 
all feature scales to a mean of zero and a standard deviation 
of one, thereby preventing algorithmic bias toward high-
magnitude features and accelerating optimization 
convergence. Next, an analysis was conducted on the 
handling of class imbalance using four resampling methods. 
The comparison of sample sizes for each method is presented 
in Table II. 

Table 2. Comparison of the Number of Samples After 
Resampling 

Method Benign Malignant Total 
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Original 357 212 569 

Random Oversampling 357 357 714 
SMOTE 357 357 714 

SMOTE-ENN 314 307 621 
SMOTE-Tomek 348 348 696 

Based on Table II, both Random Oversampling and 
SMOTE produce identical class distributions through data 
duplication and synthesis. However, hybrid methods such as 
SMOTE-ENN and SMOTE-Tomek result in a lower total 
number of samples due to the integration of undersampling 
steps. Specifically, SMOTE-ENN shows the most significant 
reduction in samples because it aggressively removes 
observations considered as noise or located in overlapping 
regions. In contrast, SMOTE-Tomek performs a more 
selective cleaning by only removing pairs of data points from 
different classes that are close to each other (Tomek Links), 
resulting in a larger dataset while still producing clearer class 
boundaries. 

D. Optimization Analysis 

The optimization stage was conducted to identify the most 
discriminative combination of features and model parameters 
to improve classification performance. This process is divided 
into two main stages: feature selection and hyperparameter 
tuning using the Particle Swarm Optimization (PSO) algo-
rithm. 

1. Feature Selection Result. The PSO implementation for 
feature selection uses a fitness function based on 
accuracy with a penalty on the number of features to 
encourage model efficiency. Based on the experimental 
results, the configuration with 30 particles is the best-
performing scenario, as it achieves the most optimal and 
efficient solution. PSO successfully reduces the data di-
mensionality from 30 original features to only 6 selected 
features, namely texture1, symmetry1, radius2, area3, 
smoothness3, and symmetry3.  

Visualization in Fig 5 shows a sensitivity analysis of 
different particle numbers. The fitness convergence plot 
(left) demonstrates that using 30 particles (brown line) 
achieves highly stable fitness scores (0.9982). 
Meanwhile, the feature count plot (right) shows that 30 
particles provide stronger exploration capability, 
reducing feature redundancy and leaving only 6 main 
attributes at the final iteration. This 80% reduction in 
the total number of features indicates that the model can 
operate efficiently using only the most representative 
texture, symmetry, and geometric information related to 
tumor malignancy. 

2. Hyperparameter Tuning Result. After selecting the best 
features, PSO was applied again to optimize four De-
cision Tree hyperparameters. The search space is defined 
for max depth, min samples split, min samples leaf, and 
the criterion selection (Gini or Entropy). The final results 
of the parameter tuning using 20 particles over 30 

iterations are presented in Table III. 

Table 3. PSO-Based Hyperparameter Tuning Results 

Hyperparameter Optimal Value 

max depth 
min samples split 
min samples leaf 
criterion 

10 
8 
3 

Gini 

Best Fitness (Accuracy) 0.998230 

 

The use of the Gini criterion with a maximum depth of 
10 levels shows that the model is able to learn the data 
structure in depth while remaining controlled through the 
min samples leaf constraint to prevent overfitting. 

E. Performance Comparison and Discussion 

This stage presents a comprehensive performance compar-
ison between the baseline Decision Tree (DT) model and 
various improved scenarios using resampling techniques and 
PSO optimization. The evaluation results of all models are pre-
sented in Table IV, while detailed classification visualizations 
for each scenario are shown through the Confusion Matrix in 
Fig 6. 

Table 4. Comprehensive Performance Comparison of All 
Model Scenarios 

Model Scenarios Acc Prec Rec F1 Latency Throug
hput 

DT (Baseline) 0,9261 0,9299 0,9261 0,9259 0,0331 ms 30.153 

DT + RandomOverSampler 0,9262 0,9295 0,9262 0,9261 0,0445 ms 22.437 

DT + SMOTE 0,9425 0,9444 0,9425 0,9425 0,0201 ms 49.523 

DT + SMOTE-ENN 0,9887 0,9888 0,9887 0,9887 0,0555 ms 17.996 

DT + SMOTE-Tomek 0,9919 0,9923 0,9919 0,9919 0,0835 ms 11.974 

DT + S-Tomek + PSO (FS) 0,9968 0,9968 0,9968 0,9967 0,0036 ms 274.897 

DT + S-Tomek + PSO (FS+T) 0,9968 0,9968 0,9968 0,9967 0,0124 ms 80.550 

 

 

Figure 6. Confusion Matrix for Various Experimental 
Scenarios 

Based on Table IV, there is a clear trend of performance 
improvement as preprocessing techniques and optimization are 
progressively applied. The baseline model yields the lowest 
accuracy (0.9261), where Fig 6 shows 4 misclassifications (2 
False Positives and 2 False Negatives). The use of hybrid 
resampling techniques, particularly SMOTE-Tomek, proves 
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more effective in cleaning class boundaries, leaving only 2 
False Negative errors. 

The integration of PSO contributes the most significant 
improvement. In the DT + FS PSO scenario, misclassifications 
are reduced dramatically to only 1 False Negative sample. 
This demonstrates that PSO-based feature selection not only 
improves efficiency but also enhances the discrimination of 
essential features. The model with PSO feature selection 
achieves the lowest latency of 0.0036 ms per sample with a 
throughput of 274,897 samples per second. This is due to the 
reduction of features from 30 to 6 essential attributes, which 
directly reduces the computational burden of the decision tree 
structure. 

Although the addition of hyperparameter tuning (FS+T) 
maintains similar accuracy and confusion matrix patterns 
as the FS scenario, latency increases to 0.0124 ms due to 
higher tree complexity. Overall, the combination of SMOTE-
Tomek and PSO-based feature selection is the best-performing 
scenario, achieving near-perfect diagnostic accuracy (99.68%) 
with only 1 failure in the test data, as well as very high 
processing speed suitable for real medical implementation. 

F. Feature Importance Analysis 

 

To provide transparency in model decision-making, an 
inter-pretability analysis was conducted using SHAP to 
understand the contribution of each feature to the diagnostic 
predictions. The SHAP Summary Plot visualization in Fig 
7 presents the distribution of feature importance across the six 
essential features selected by the PSO algorithm. 

Figure 7. SHAP Summary Plot for Model Interpretation 

Based on Fig 7, the feature area3 (the largest value of 

the cell nucleus area) emerges as the most dominant 

predictor in determining tumor malignancy. High feature 

values (shown in red) are positively correlated with the 

Malignant classification, while low values (shown in 

blue) strongly indicate the Benign class. This insight is 

consistent with medical literature, where enlargement or 

abnormal size of the cell nucleus is a key indicator of 

cancer cell proliferation [28]. 

Other supporting features such as symmetry3 and smooth-
ness3 also show significant influence, although with a more 
concentrated distribution. Collectively, this XAI analysis 
demonstrates that although the Decision Tree model operates 
mathematically, its decision-making process is still grounded 
in clinically relevant cellular biological characteristics. This 
provides additional confidence for medical practitioners to use 
this AI-based decision support system in early breast cancer 
diagnosis procedures. 
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